Abstract:Permanent magnet synchronous motors (PMSMs) are often used in industry for high-performance applications.
Introduction
When working with limited energy sources, as in electric cars, it is obvious that loss of power has a great effect on overall efficiency and performance. Therefore, it is of the utmost necessity that the losses be reduced as much as possible to prevent the limited power sources of the automobiles from being drained. When reviewing the literature, it is observed that there are many studies on the investigation of losses in permanent magnet synchronous motors (PMSMs). The authors of [1] and [2] considered only the copper losses. Neglecting core losses is the main shortcoming of this work.
To achieve a complete investigation of losses on PMSMs, several authors conducted their research considering iron losses along with copper losses. In electric vehicle applications, motors are generally required to operate in wide speed ranges. The authors of [3] [4] [5] [6] [7] [8] performed analyses on iron losses and/or equivalent core loss resistance under fixed rotor speed operation conditions. In fixed speed operations, frequency remains fixed, too. This introduces some simplicity and easiness, especially in loss calculations with frequency-dependent partial differential equation components. However, this type of analysis has limited use and cannot be used in variable speed operations. Furthermore, there is some research in which speed variation was taken into account. For example, in [9] [10] [11] [12] [13] [14] [15] [16] , the authors discussed different particular speed values, but they conducted their research with a fixed core resistance. In these cases, they neglected the variation of core resistance, which is related to frequency. This approach provides advantages in calculations, yet causes certain errors due to neglecting frequency effects. The authors of [17] [18] [19] [20] also examined core resistance changes in variable speeds. These authors, like those mentioned above, ran their analyses only for certain speed values; consequently, they neglected speed variations between the selected speed values. Finally, the authors of [21] [22] [23] [24] investigated dynamic changes in core resistance with variable speeds by using highly complex analytical calculations.
Besides determining the iron core resistance values, another important issue in the literature concerns the definition of the loss minimization technique.
In electric car drive systems, the amplitude of the voltage of the vehicle battery terminals tends to change under different loads. In the low voltage range, despite the lack of sufficient rotor speed, a force requirement arises for the control mode to enter the field weakening area in order to achieve the desired operating speed. Thus, field weakening (FW) control is very important for electric vehicles. The FW technique was used in many studies to extend the operating speed range.
FW applications were examined and a new analytical method was proposed in [25] . The results of the proposed method were compared to those of the earlier methods. In that paper, highly complex analytical calculations were used and only the FW region was examined. A maximum torque per ampere (MTPA) strategy was used in [26] [27] [28] to reduce motor losses. These studies were also based on a single method that included intensive analytical procedures, as in the previous research. In addition to studies that focused only on one method [25] [26] [27] [28] , there exist several studies [1, 5, 12, [29] [30] [31] [32] that use the FW and MTPA strategies jointly. In these studies, the increase in performance using a combination of the two methods is apparent. The methods presented in [1, 12, [29] [30] [31] [32] yield good results but require intensive and complex analytical procedures. To reduce this complexity, the authors of [5] used look-up tables in order to keep procedures as simple as possible. However, the construction of tables is still very time-consuming for researchers.
The continuously evolving processing power of computers can considerably decrease the computing challenges faced by researchers. Smart systems have appeared in every field. The authors of [33, 34] based the minimum loss control of a PMSM on a fuzzy logic controller. In these studies, Serga et al. [33] implemented a FW method using a fuzzy logic controller that they designed, and Butt et al. [34] designed a fuzzy logic controller to implement the MTPA method to the motor. Even if studies with a fuzzy logic controller may seem to be sparing researchers from complicated calculations, the creation of tables and membership functions of the controller constitute a challenge, which is completely dependent on experience. Wu et al. [3] chose to make use of the learning skills of computers to gain expertise and experience, and they designed a neural network controller in order to apply only the MTPA method to motors.
Intelligent systems proposed in the literature focus on either MTPA or FW methods. Therefore, it would be interesting to find out what kind of results would be obtained when a smart controller combining both methods is used.
In this paper, a PMSM loss model was built, which can be used in designing a controller to minimize losses and thus increase the efficiency in PMSM. The model does not neglect electrical losses. A neuro-fuzzybased core resistance estimator for an interior permanent magnet synchronous motor has been designed. This estimator was used for estimating the core resistance dynamically as the speed changes. Consequently, a neural network controller was designed and applied to the motor to decrease its losses. At the end, the results were analyzed.
PMSM loss model
Primarily, it is necessary to set up a PMSM loss model that does not neglect losses in order to create a minimum loss control simulation in the PMSM. The PMSM dq-reference model was selected as the baseline in this paper, since it is the most appropriate for the control method applied. Saturation effects and inverter switching losses are neglected in this work.
Equivalent circuits of the d and q axes of the PMSM, which do not neglect losses, are presented in Figures  1 and 2 [16] . Instantaneous equations, which represent the PMSM where the losses are also taken into account, can be derived from equivalent circuits shown in Figures 1 and 2 , as follows:
The impact of the iron core resistance, R c , on currents can be clearly observed in Eqs. (1) and (2). The generated torque expression of the PMSM adapted to a dq equivalent circuit can be obtained as presented in Eq. (3), where p represents the number of pole pairs:
Finite element analysis of core losses in PMSM
In loss minimization studies of PMSMs, identifying the iron losses of the motor has great significance in a loss minimization procedure. Analytical methods trying to solve this problem appear quite difficult, because loss equations include partial differential equations [5] [6] [7] [19] [20] [21] [22] [23] [24] 35, 36] . After investigating some previous studies [4, 7, 8, 13, 17, 20, 22, 37] , the usage of a motor model developed by the finite elements method (FEM) was chosen as the most suitable solution to the problem.
The FEM is a method used for the solutions of Laplace-and Poisson-type partial differential equations. Using the FEM, the fluxes, generated torque, and iron losses of the PMSM can be calculated in detail once the physical size of the motor and the parameters of the materials used are introduced into the software.
In this study, FEM analysis is carried out with a premade educational demonstration FEM, which was created and released by CEDRAT and embedded in Flux 2D software. For more information about the FEM model, please visit http://www.cedrat.com/; the analysis was carried out under a registered trial license.
Consequently, the hysteresis power loss (W h ) and the eddy current power loss (W e ) defined by Eqs. (4) and (5), respectively [6] , as the two main components of total iron losses (W f e ) , are found by running FEM analysis at different speeds. The results obtained are shown in Figure 3 .
Here B is the peak value of the magnetic flux density, k h is the material constant, c is the magnetic flux density ratio
, r is the empirical factor, and f is the fundamental frequency.
B n is the peak value of the magnetic flux density for the nth harmonic order. Here, if the skin effect of the eddy current is neglected, k ec can be written as follows:
Here d is the sheet thickness, ρ is the sheet density, and ρ e is the specific electrical resistance of the steel.
From Figure 3 , it can be clearly seen that the variation of the eddy current losses has a quadratic shape that responds to a change in frequency, as defined in Eq. (5). Additionally, the change of the hysteresis loss has a linear shape that suits the definition given in Eq. (4).
It is possible to calculate the iron core equivalent resistance, Rc, by means of the total iron losses obtained in Figure 3 . In this study, the preformed lossless model was operated at each value of speed given in Figure 3 Figures 1 and 2 [14] . The other parameters of the PMSM are given in the Table. 
Core resistance estimation with adaptive neuro-fuzzy interference system
For carrying out loss analysis on variable speed drive systems, core resistance values for all corresponding speed values must be known. The FEM cannot be used in dynamic analysis because FEM models are required to work with constant values. In this regard, intelligent systems are emerging as the most appropriate solution to dynamically determine the core resistance. The results obtained by FEM using fixed-speed simulations can be used as the required training data for developing a neuro-fuzzy intelligent prediction model.
In the case of limited access to the required training data, results obtained by ANN may not be satisfactory. In such a case, a fuzzy logic controller can be used as an auxiliary element to improve the results obtained by an ANN controller [38] .
As defined in detail in [39, 40] , ANFIS is a prediction system that can be used in a wide range of applications. In [40] , Jang identified the modeling of nonlinear multivariable functions, identification of nonlinear components in the control of dynamic systems, and identification of irregular time series as possible areas of application.
When designing a neuro-fuzzy controller for existing problems, rotor speed values were taken as input parameters and core resistance values corresponding to these rotor speeds were taken as output parameters. The design was performed with the Adaptive Neuro-Fuzzy Interference System (ANFIS) toolbox in MATLAB.
Within this design triangle (trimf), the membership function type was used. The number of membership functions was chosen as three, and the input membership functions were formed as shown in Figure 5 .
The results obtained from the neuro-fuzzy estimation system are shown in Figure 6 . The neuro-fuzzy estimation system estimated the core resistance values with great accuracy. Thus, this system can be used in variable speed operations with high accuracy.
PMSM minimum loss control with neural network
Technological developments and advances in artificial intelligence applications have allowed modern analytical methods to replace analytical solutions. As a result of the studies, it is observed that modern methods are just as successful as classical methods in the analysis of electrical machinery; thus, iterative applications that require a great deal of calculations are replaced by trained systems. For control actions based on analytical calculations, it is necessary to compare and contrast many parameters again and again and generate reference currents using many parameters again. However, by utilizing the designed neural network, it is possible to generate desired reference currents using a small number of parameters and without complex calculations after the training procedure. In this context, when designing a neural network controller for the present problem, it was primarily developed as an analytical loss minimization controller model. This controller was initially developed in a previous study in [12] as a combination of the MTPA and FW control methods. The operation of this controller can be summarized by the flow diagram given in Figure 7 . In this diagram, U s and U sm represent the inverter output voltage and the maximum phase voltage of the inverter, respectively; ω r represents measured rotor speed; ω rc represents critical angular frequency, which can be calculated as U sm /ψ m ; and ω rA represents the maximum speed at positive constant torque limit. The reference i q * current, obtained from the analytical model, and the measured rotor speed were taken as the input for the neural network controller. As for the output, the i d * reference current, generated by the analytical method, was taken. A total of 5022 samples were taken and were used for training (3516 samples, 75%), verification (753 samples, 15%), and testing (753 samples, 15%). As shown in Figure 8 , the design was developed comprising two layers and was planned to have 10 neurons in the hidden layer. The simulation model, including the designed neural network controller, was developed as described in Figure 10 . Additionally, an operation scenario was applied to the simulation. In this scenario, during the first 0.2 s, the motor is operated at 70 rad/s constant speed value, which is below the nominal speed (94.28 rad/s) of the motor. Then, in order to examine the effects of speed changes on motor behavior between 0.2 and 0.3 s, the speed is increased linearly with a 550 rad/s 2 slope value. Between 0.3 and 0.45 s, the slope value is decreased to 125 rad/s 2 . In addition to examining the motor's dynamic response to load changes, a dynamic load torque, whose value is defined as T L = 3 ω m , is applied to the motor from the beginning of the operation.
To make an overall assessment, the results obtained are given in Figures 11-18 . The results are compared to those of the MTPA and FW control methods. The dynamic change of the core resistance is given in Figure 11 . When the torque and rotor speed variations given in Figures 12 and 13 are examined, it is observed that the motor variables follow their references with great success and show a good dynamic response. Besides, the neural network controller successfully adjusts the values of the d and q currents, as can be seen from Figures 14 and 15 . Consequently, the applied neural network controller clearly produces lower core losses than the MTPA and FW controller, as can be seen from Figure 16 . When Figure 17 is investigated in detail around the high-speed region, it can be observed that the MTPA and FW controller causes lower values of total power loss, which is the sum of the iron losses and copper losses; however, in the low-speed region, the neural network controller becomes more advantageous. This situation can be clearly seen in efficiency derivation as given in Figure 18 . Again, in the low-speed region, the neural network is more advantageous than the MTPA and FW. 
Conclusion
This paper carried out a study on minimizing the electrical losses of the PMSM with intelligent systems. In this context, as a novel approach, a neuro-fuzzy-based estimator was designed in order to eliminate an important deficiency found in the literature about determining the dynamic core resistance. Once the dynamic core resistance is available, it is possible to reduce the core losses of the machine by means of a controller. For this reason, a neural network controller, which is a novel approach employing the dynamic core resistance, was designed and applied to the motor. The simulation results show clearly that minimum loss control can be obtained by the proposed control technique. These steps are shown in the flow chart in Figure 19 . Finally, the obtained results were compared to the results of the MTPA and FW control methods.
Because iron loss in the constant torque zone increases in direct proportion to speed increase, the effects of reducing iron loss assure better results in the high-speed zone; this can be seen clearly in Figure 16 . Figure 19 . Steps of the loss minimization procedure in this study.
Core Losses
When the results in Figures 11-18 are examined, it is clear that the neural network method can be successfully applied for minimum loss control in PMSMs. Again, the proposed neural network controller can be used with great accuracy instead of controllers based on intensive load of mathematical operations and with the feedbacks and comparisons they include, as seen in Figure 7 . It can be said that the MTPA and FW control methods give lower total losses, especially in the high-speed region. However, operating a motor with the MTPA and FW control methods is more complex and time-consuming compared to the neural network controller. Once trained, a neural network controller makes the solution significantly easier to reach, because it does not have to calculate the speed to decide which method should be used compared to the MTPA and FW control methods, where this is a requirement. All this can clearly be seen from Figure 7 . Finally, based on this study, a neural network controller will provide a great advantage to researchers in application as it can produce the required output signal depending only on two parameters.
Both given loss control methods have been found to increase motor efficiency significantly by 5%-6%, where the efficiency was 87% before applying the loss control techniques to the motor. Furthermore, the most significant result of this study is the obvious decrease in the motor's iron losses. As can be clearly seen from Figure 16 , the motor's iron losses decrease significantly, especially in the high-speed region, when compared to the MTPA and FW control methods.
